Introduction: Recurrent cancer is common, costly, and lethal, yet we know little about it in community-based populations. Electronic health records and tumor registries contain vast amounts of data regarding community-based patients, but usually lack recurrence status. Existing algorithms that use structured data to detect recurrence have limitations.
O
ver the past few decades there have been substantial improvements in survival for patients with most types of cancer. 1 Now, more than two thirds of cancer patients live at least 5 years, and many cancer-related deaths are caused by recurrent rather than de novo stage IV disease. As the treatments available for early-stage cancer expand and change, patients who develop recurrence are growing increasingly distinct from those with stage IV disease. Clinical trials help inform treatment decisions for patients with metastatic cancer, but they usually group stage IV and recurrent cases together. Moreover, most cancer patients are treated in the community, where patient characteristics and outcomes often differ notably from those seen in clinical trials. 2 With substantial growth in the cost and complexity of cancer therapy, comparative effectiveness studies of representative populations have become essential tools for efficiently identifying optimal treatment strategies among community-based patients. These observational studies address important questions that randomized clinical trials cannot tackle. Unfortunately, the large datasets used for these studies, including electronic health records (EHRs) and accredited cancer registries usually do not capture reliable information regarding recurrence status. Frequently, the investigators who use these datasets use simple programming rules to detect recurrence, [3] [4] [5] but these rules have often not been tested for validity. It is critical that we develop tools that differentiate between patients with recurrence versus those who were diagnosed with stage IV disease. 6 To address this gap of a needed observable outcome, several studies recently assessed the sensitivity and specificity of structured data as tools for recurrence detection. 3, [5] [6] [7] [8] [9] [10] [11] [12] Past studies were limited to a single type of cancer, 5,9-13 had small samples, 11, 12 did not include a gold-standard measure of recurrence, 3 and lacked detail regarding the characteristics of the incident tumor and its treatment. 8 We previously demonstrated that 2 published recurrence detection strategies had unacceptably low sensitivity and specificity when applied to population-based data. 14 The aims of this study were to develop simple, parsimonious, accurate tools for detecting recurrent lung and colorectal cancer using structured data elements from readily available datasets generated for clinical and administrative purposes. We were not trying to predict which patients would develop recurrence, but rather to develop tools that could detect who had recurrence to facilitate outcomes research and population health management efforts. To extend our previous work 14 with a pair of unique datasets that each contain claims or EHR-based encounters linked to gold-standard recurrence status, we (1) expanded the list of potential indicators of recurrence beyond the secondary malignant neoplasm and chemotherapy codes used previously; (2) developed a flexible tool that could generate a probability of detecting recurrence rather than an absolute characterization of recurrence status; and (3) separately estimated the timing of the recurrence event.
METHODS

Data Sources
The Cancer Care Outcomes Research and Surveillance (CanCORS) Consortium is a large, prospective, population, and health system-based study of the care provided to and outcomes experienced by lung and colorectal cancer patients diagnosed 2003-2005 and followed through 2011. 15, 16 These data were linked to Medicare fee-for-service claims from 2002 to 2011. The Cancer Research Network (CRN) (http:// crn.cancer.gov/) is a consortium of health maintenance organizations (HMO) affiliated with the HMO Research Network and the NCI. Two CRN sites, whose certified tumor registrars collect high-quality recurrence data, contributed to this analysis: Kaiser Permanente Colorado, Denver, CO, and Kaiser Permanente Northwest, Portland, OR. The HMO-CRN maintains a Virtual Data Warehouse (VDW) 14 that links tumor registry data, diagnosis and procedure codes documented in an EPIC-based EHR, and claims for services delivered by contract providers. Two key differences between the data sources are worth noting: (1) CanCORS enrolled only those patients who consented to participate in the research study, whereas the HMO-CRN sample included all patients who received care at a participating HMO; and (2) the former data source included fee-for-service claims, whereas the latter collected mostly EHR-based data. Institutional Review Boards from the Dana-Farber/Harvard Cancer Center and the participating HMO-CRN sites provided project oversight.
Study Cohort and Recurrence Status
All patients were diagnosed with stage I-III lung or colorectal cancer (excluding stage IIIb lung cancer) at the age of 21 years and above. To maximize the applicability of our analysis, we used data available in cancer registries to exclude as few patients as possible. We limited the cohort to patients who (1) had no previous cancer, (2) completed definitive locoregional therapy for their incident lung or colorectal cancer diagnosis, and (3) survived and were followed for at least 30 days after definitive therapy. A small proportion of CanCORS/Medicare patients were excluded, because their recurrence status was missing (9% of lung and 12% of colorectal cases); HMO-CRN/VDW patients did not have missing recurrence status. Patients who developed second primary cancers, based on tumor registry data, were censored because of the possibility that codes generated from these events could have suggested recurrence.
CanCORS/Medicare patients diagnosed 2003-2005 were followed until death, the date last known to be recurrence free, or study end date (December 31, 2011). They must have had at least 1 Medicare claim and no more than 2 consecutive months without Medicare enrollment. HMO-CRN/VDW patients diagnosed January 1, 2000-December 31, 2011 and captured in the tumor registry were followed through death, disenrollment, or study end date (December 31, 2012). Gold-standard recurrence was derived from the abstracted medical record or tumor registry, as described previously. 14, 17 Patients with no documented recurrence who died from any cause were considered nonrecurrent (to apply these algorithms using cancer registry data, see Supplemental Materials 1, Supplemental Digital Content 1, http:// links.lww.com/MLR/A978).
Potential Indicators of Recurrence
The codes considered to be potential detectors of recurrence came from our previous research, 14 our clinical experience, and studies conducted by others. 11, 12 They were grouped into 12 conceptually homogenous categories (Table 1) , and represented several commonly used data standards (ICD-9-CM, ICD-10, CPT-4, HCPCS, NDC, DRGs, BETOS, and facility revenue centers; Supplemental Materials 2, Supplemental Digital Content 2, http://links. lww.com/MLR/A979). Medicare codes were extracted from the Hospital, Physician, Outpatient Facility, Durable Medical Equipment, Hospice, and Home Health Agency files. The "claim through date" (the last day on the billing statement covering services rendered to the beneficiary) was used to assign a date to each code, except for the Hospital file where the discharge date was used. HMO-CRN codes and their corresponding event dates were extracted from the VDW procedure, diagnosis, encounter, pharmacy, and infusion files. 18, 19 The unit of analysis was the code date. If a code was present in multiple files on the same date, it was only counted once. Codes were considered potential indicators of recurrence if they fell after definitive therapy and before the end of follow-up. However, chemotherapy and radiation therapy codes that occurred within 6 (lung cancer) or 12 (colorectal) months after the index diagnosis were excluded, (68) 2438 (86) 434 (72) 1 38 (5) 29 (9) 88 (3) 62 (10) 2+ 135 (17) 70 (23) 301 (11) 104 (17) Secondary malignancy neoplasm including lymph node codes 0 499 (63) 186 (60) 1947 (69) 344 (57) 1 59 (7) 32 (10) 171 (6) 115 ( *From date of definitive local therapy the earlier of study end date (December 31, 2012 for HMO-CRN and December 31, 2011 for CanCORS/Medicare), date of death, date of last follow-up, date of second primary cancer diagnosis, and date patient was last confirmed to be recurrence free (applicable for CanCORS/Medicare data only; ascertainment of gold-standard recurrence status was not through the patient's date of death for all patients).
w Chemotherapy and radiation therapy events occurring within 6 months after a lung cancer or within 12 months after a colorectal cancer diagnosis were excluded when deriving potential indicators of recurrence, because they were considered therapy for the primary cancer. Mean number of days with the indictor per year of follow-up (SD). y The mean number of pain scores per year was lower in the CanCORS/Medicare versus HMO-CRN/VDW dataset, because the variable was derived from NDC and HCPCS codes for narcotic/pain medications. The VDW data source captured ambulatory pharmacy dispenses, whereas the Medicaid data source did not (ie, part D data were not available for this analysis). 8 Hospital encounters were separated into 3 mutually exclusive groups: inpatient (including ED or observation leading to inpatient), observation (including ED leading to observation), and ED only.
CanCORS indicates Cancer Care Outcomes Research and Surveillance; CRN, Cancer Research Network; HMO, health maintenance organizations; VDW, Virtual Data Warehouse.
because they could represent primary cancer therapy. Indicators were classified as categorical variables, unless the code count increased over time irrespective of recurrence status, in which case they were classified as continuous and standardized by the duration of follow-up.
Algorithm Development and Evaluation
We expected to find meaningful differences between lung and colorectal cancer patients, so we developed separate algorithms for each cancer. We also expected the CanCORS/ Medicare claims and HMO-CRN/VDW EHR data would differ, so we developed separate algorithms for each data source. To investigate whether the aforementioned differences between the data sources affected algorithm performance, we assessed the performance of each algorithm using independent data from the other source. Most importantly, we split our recurrence detection effort into 2 phases: (1) identify patients who had recurrence within a given time period; and (2) determine the timing of recurrence among patients considered to have recurred. We believed the variables that were optimal for recurrence detection might be different from those that were optimal for recurrence timing.
For phase 1, we used logistic regression modeling to generate a probability of having recurred using codes incurred during follow-up, with the goal of maximizing the area under the Receiver Operating Characteristic Curve (AUROC). Using all possible combinations of the 12 indicators, plus cancer stage and duration of follow-up, we derived a series of candidate models. We evaluated the performance of each candidate across the full range of threshold probabilities (0-1). To avoid selecting a model that overfit our data, we used Monte-Carlo cross-validation to estimate the AUROC for each potential model. 20 When multiple models yielded AUROC values that were almost identical (ie, within the error of the Monte-Carlo procedure), we selected the model with the fewest predictors.
Model performance was summarized using accuracy, the Youden Index (sensitivity+specificity À 1), 21 and AU-ROC. We reported the threshold probabilities that maximized accuracy and Youden Index; and the sensitivity, specificity, and positive and negative predictive values at these threshold probabilities, each calculated using the crossvalidation procedure described above. A bootstrap percentile method was used to derive 95% confidence intervals. 22 Calibration plots were generated to confirm that the predicted and observed probabilities were close. Specifically, patients were categorized into predicted probability deciles, and the average predicted probability was plotted against the proportion of observed recurrences. To evaluate the incremental value of the derived algorithms over an existing binary classification rule, 14 we calculated the difference in AUROCs.
For phase 2, we developed an algorithm to determine the timing of recurrence among patients who recurred according to the gold standard. The same 12 categories described above were included as potential indicators. For each category, we determined when the code count peaked, and we derived an adjustment factor to account for systematic differences between this and the true recurrence date. Thus, each patient could have up to 12 estimated recurrence times. We generated a series of candidate algorithms using all possible combinations of categories. For each candidate, we weighted and integrated the estimates from all the included categories to derive a single estimated recurrence time. Our goal was to identify the algorithm that minimized the absolute detection error (AE), defined as the mean of the absolute difference between the predicted and actual recurrence dates across all true positives. Again, we used Monte-Carlo crossvalidation to estimate the AEs and determine the best model. Similar to Part 1, a final model was chosen based on parsimony from among the candidates that offered similarly high performance.
The correct classification rate (CCR) was calculated to measure overall algorithm performance. In addition, we evaluated the performance of each algorithm using independent data from the other data source. Statistical analyses were conducted using Stata version 13.1 (StataCorp LP, College Station, TX) and R version 3.0 (R Foundation for Statistical Computing, Vienna, Austria). All tests of statistical significance were 2 sided (additional algorithm development and assessment methods are shown in Supplemental Materials 3, Supplemental Digital Content 3, http://links.lww.com/MLR/A980).
RESULTS
The CanCORS/Medicare sample included 308 lung and 600 colorectal cancer cases, each followed for a median of 19 months. The proportions of patients who recurred were 29% and 14%, respectively. The HMO-CRN/VDW sample included 792 lung and 2827 colorectal cancer cases followed for a median of 33 and 45 months, respectively. Despite longer follow-up, the HMO-CRN/VDW recurrence proportions (27% and 13%) were similar to those of the Can-CORS/Medicare sample. The 3-year probabilities of death were 38% and 29% for lung cancer, and 26% and 15% for colorectal cancer, for CanCORS/Medicare and HMO-CRN/ VDW, respectively. Stage distributions across the data sources were similar. The HMO-CRN/VDW cohorts demonstrated lower rates of recurrence and fewer deaths, perhaps due in part to the CanCORS/Medicare cohort's older age, more frequent comorbidities, and shorter median follow-up. In addition, CanCORS followed consented patients wherever they received care, whereas the HMO-CRN followed enrollees only so long as they continued to receive care from the same health plan. Of the 12 potential indicators (Table 1) , 5 were coded categorically and 7 were coded continuously. Codes for cancer symptoms and procedures appeared more frequently in CanCORS/Medicare versus HMO-CRN/VDW cases; codes for pain, inpatient stays, and emergency department visits were less frequent. Cancer treatment and hospice codes were not substantially different across data sources. Radiation therapy and hospice were more common among lung versus colorectal cases.
The CanCORS/Medicare phase 1 algorithms for lung and colorectal cancer included 4 variables and yielded AUROC estimates of 0.940 and 0.945, respectively (Table 2, Fig. 1 ). The HMO-CRN/VDW phase 1 algorithms for lung and colorectal cancer also included 4 variables and yielded AUROC estimates of 0.924 and 0.953, respectively (Table 3 , Fig. 1 ). As expected, the estimated probability of recurrence increased from stage I to stage III for lung cancer (eg, 0.22-0.47 in CanCORS/Medicare) and colorectal cancer (eg, 0.04-0.22 in HMO-CRN/VDW). The proportions of recurrences whose time was correctly classified within 6 months were 81% for lung and 85% for colorectal cancer in Can-CORS/Medicare (Table 2) , and 75% for lung and 71% for colorectal cancer in the HMO-CRN/VDW (Table 3) . Can-CORS/Medicare CCRs were higher, because of the cohort's shorter follow-up. After controlling for duration of follow-up, CCRs were similar.
We applied each CanCORS/Medicare-derived algorithm to data from the HMO-CRN/VDW for the corresponding cancer type, and did the same for each HMO-CRN/ VDW-derived algorithm. For the phase 1 models the AUROCs did not differ substantially, although subtle differences were observed (Supplemental Materials 4, Supplemental Digital Content 4, http://links.lww.com/MLR/A981). Applying CanCORS/Medicare-derived algorithms to HMO-CRN/VDW data yielded more false negatives, and applying HMO-CRN/VDW-derived algorithms to CanCORS/Medicare data yielded more false positives. For the phase 2 algorithms, only modest differences were seen when applying algorithms derived from one data source to the other, except when the HMO-CRN/VDW-derived colorectal cancer algorithm was applied to CanCORS/Medicare data.
Compared with a previously described binary detection rule based on secondary malignancy and chemotherapy codes, all phase 1 algorithms demonstrated significantly improved performance, with increases in the AUROC ranging from 0.18 to 0.25 (Fig. 1) . Even when algorithms developed for one data source were applied to another data source, the AUROC still improved (Supplemental Materials 4, Supplemental Digital Content 4, http://links.lww.com/MLR/A981).
We were able to determine the timing of recurrence within 6 months for >80% of patients. Importantly, all calibration plots reassuringly demonstrated that the predicted and actual probabilities were very close (Figs. 1, 2) .
CONCLUSIONS
We developed algorithms that detect recurrence among patients who completed definitive therapy for stage I-III lung or colorectal cancer using structured data from fee-forservice claims and EHR-based encounters. Several unique B FIGURE 1. Performance of phase I recurrence detection algorithms: ROC curves and calibration plots. "New" denotes the novel phase I recurrence detection algorithm. and favorable features differentiate our algorithms from prior published work. 6 Using a threshold probability above which cases are classified as having recurred allows users to optimize sensitivity or specificity depending on the goals of their analysis. A 2-phase approach-first detecting recurrence and then determining the timing of recurrence-facilitates comparative effectiveness studies that want to use recurrence as either an outcome or an inclusion criterion. We incorporated several new covariates to help detect recurrence among patients who did not receive cancer-directed therapy at recurrence. This improved algorithm performance without adding substantially to the implementation burden.
We chose a cancer site-specific approach, because we believed it would produce more accurate results. Interestingly, the final lung and colorectal cancer algorithms used many of the same covariates. The models had only modest, cancer-level differences (eg, distinct threshold probabilities and covariate weights). Other cancers, such as breast and prostate, have distinct natural histories, more local-only/biochemical-only recurrences, and unique patterns-of-care. Hence, the optimal recurrence detection algorithms for these cancers could differ from those described above. That having been said, many components of our lung/colorectal cancer algorithms would likely be integral elements of breast/ prostate recurrence detection algorithms too (eg, chemotherapy, hospice), limiting the incremental work needed to apply these tools to patients with other cancers. Contrasts between the CanCORS/Medicare-derived and HMO-CRN/VDW-derived algorithms were identified, but were less substantial than expected. A total of 4 total covariates were included in each algorithm, and 2 covariates were common to both. For CanCORS/Medicare, the secondary malignant neoplasm variable included lymph node sites and was a 2-category item, whereas for HMO-CRN/VDW, it excluded lymph node sites and was a 3-category item. Radiation therapy was a part of the CanCORS/Medicare phase 1 algorithms, whereas chemotherapy was a part of the HMO-CRN/VDW phase 1 algorithms. It is not clear whether these modest algorithm differences were more attributable to variation between the cohorts or variation between the data sources. As suggested above, CanCORS/Medicare patients were older, had more comorbid conditions, were identified through rapid case ascertainment, and had to actively enroll on a study. 16 In contrast, HMO-CRN/VDW patients were diagnosed with cancer while enrolled in a capitation-based network, and were linked to EHR-based encounters rather than reimbursement claims. 17 The odds ratios for the associations between the covariates and recurrence varied, so the covariate weights in the logistic regression models differed. As most of the work to implement these algorithms involves extracting the data used to define each covariate, adjusting covariate weights and threshold probabilities is a relative efficient way to customize algorithms.
When we assessed the performance of each algorithm using data for the relevant cancer from the other data source, it was reassuring to see that the AUROC values were similar. Differences in the numbers of false positives and false negatives may have been due to intrinsic differences between the claims/fee-for-service and EHR/capitation-based data sources. During algorithm development, we endeavored to harmonize all phase 1 algorithms around 1 common set of covariates. Differences were identified, but were less than expected (data not shown). Future endeavors to harmonize these algorithms are worthwhile, and may be made easier as EHRs incorporate more structured data.
Our phase 2 algorithms were remarkably consistent, even though they were derived from different data sources for different cancer types. All were based on the same 3 covariates, with the only difference being the inclusion of lymph node sites in the secondary malignancy variable for CanCORS/Medicare. While covariate weights varied, the chemotherapy variable contributed the most to all phase 2 algorithms except for CanCORS/Medicare lung cancer. The accuracy of the estimated timing of recurrence was high for many patients, but suboptimal for a meaningful minority. We believe the current degree of accuracy may be sufficient to use recurrence as an outcome for some studies, but may be insufficient if an inception cohort of patients with recurrence is needed. For these analyses, validating the timing of an event is as important as validating detection of the event.
Compared with preexisting binary prediction rules, the algorithms that we developed demonstrated improved performance with relative increases of the AUROC of 26%-38%. 14 Unlike some previous studies, 3, 8, 9, 11, 12 we were fortunate to have data for 2 large, population-based samples of patients with 2 prevalent cancers, and to have direct measures of recurrence based on manual chart abstraction linked to structured claims/EHR data. In addition, our cohorts included patients who represented a range of sociodemographic characteristics and were treated in 2 distinct care settings (fee-for-service and capitation). The demographic similarity of CanCORS and SEER 16 support the use of our algorithms in SEER-Medicare analyses. We used logistic regression modeling, rather than CART, k-nearest neighbor, or other commonly used statistical classification tools, because we wanted models that explicitly demonstrated how changes in model factors affected recurrence probabilities. We believe that the recurrence detection tools described above improve on historical approaches, and offer significant value to investigators who use datasets that link fee-for-service claims and/or EHR-based encounters to cancer registry files.
These benefits notwithstanding, our study has a number of limitations. The duration of follow-up was shorter than the 5-year period during which recurrence typically happens, though it was reassuring to note that time from diagnosis was not an important factor when detecting recurrence. Our approach relied on cancer registry data to identify incident cancer cases; our algorithm was not designed to discriminate between recurrent versus new primary cancer. Patients who had primary progression of their disease, in other words progression before having an opportunity to receive definitive therapy, were excluded using data that may not be available in all cancer registries. More work is needed to study the applicability of our algorithms with other samples, data sources, and cancer types; we are currently conducting additional evaluations using independent data sources. Estimates of the timing of recurrence do not offer sufficient precision; more research is needed to optimize the tools and techniques used to ascertain the timing of events using structured claims/EHR data. While we incorporated hospice and imaging codes to identify patients who received no treatments for their recurrence, more efforts to identify these patients are still warranted.
Recurrence detection tools that use readily available data sources to identify a key outcome/population of interest have many potentially compelling applications: assess the effectiveness of alternate treatments for patients with early-stage or recurrent cancer outside of clinical trials; compare prognostic estimates or treatment strategies for patients with recurrent versus de novo metastatic disease; develop novel population health management tools for health care organizations and payers, etc. Tools such as these are critical components of innovative health information technology efforts, such as ASCOs CancerLinq 2 program, that endeavor to transform cancer care though the development of a learning health care system. A number of investigators have used natural language pro-cessing to identify conditions or events from unstructured clinical data. Natural language processing-based algorithms could help detect patients with recurrence. 10 However, the most effective solution will likely incorporate all available data, combining what we learn from structured data with what we extract from free-text documentation. More efforts to describe valid, reliable tools through a transparent process are critical if we intend to use big data to foster meaningful, impactful, and long-lasting improvements in outcomes.
